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Abstract 
 
The field of electronic noses and gas sensing has 
been developing rapidly since the introduction of the 
silicon based sensors. There are numerous systems 
that can detect and indicate the level of a specific 
gas. We introduce here a system that is low power, 
small and cheap enough to be used in mobile robotic 
platforms while still being accurate and reliable 
enough for confident use.  
The design is based around a small circuit board 
mounted in a plastic case with holes to allow the 
sensors to protrude through the top and allow the 
natural flow of gas evenly across them. The main 
control board consists of a microcontroller PCB 
with surface mount components for low cost and 
power consumption.  
The firmware of the device is based on an 
algorithm that uses an Artificial Neural Network 
(ANN) which receives input from an array of gas 
sensors. The various sensors feeding the ANN allow 
the microcontroller to determine the gas type and 
quantity.  
The Testing of the device involves the training of 
the ANN with a number of different target gases to 
determine the weightings for the ANN. Accuracy and 
reliability of the ANN is validated through testing in 
a specific gas filled environment.  
 
 
1. Introduction 
 
The gas sensing module uses an array of sensors 
and an Artificial Neural Network (ANN) 
implemented using the C programming language on 
a microcontroller to discriminate the gas type and to 
determine the concentration of the detected gas. A 
quick analysis of the gas is desired, so investigation 
of different strategies for getting relevant values 
from the sensors was conducted during testing. 
 
Training of the ANN was performed in a controlled 
Laboratory environment where a known 
concentration of target gas was applied to the 
module.  
 
The gas recognition testing was conducted in both an 
open environment and also in a controlled 
environment. This was to expose the system to both 
controlled and open operating conditions.  
 
The design involved the analysis in firmware on a 
PIC Microcontroller, to decrease the weight and to 
allow for quick design changes during 
developmental testing. The firmware is based on a 
state-machine that responds to commands from the 
master of the serial connection. 
 
PC Software was also developed to perform 
diagnostics and to facilitate the testing and 
calibration of the module. The software is a windows 
based program that communicates with the module 
through the PC’s serial port. 
 
2. Related Literature 
 
Design of the sensing circuit for maximum resolution 
of the gas concentration detection involves choosing 
a load resistor to match the resistance of the sensor 
when the target gas is at the desired concentration 
[1].  
 
Temperature compensation designed into the sensing 
circuit helps with non-linearity effects of temperature 
changes[2]. By adding a thermister to the design we 
are able to follow the temperature characteristics of 
the sensor and use a differential amplifier to 
minimize the temperature effect. 
 
Device case design should involve holes or slits to 
allow a flow of gas across all sensors in the array 
evenly. The case should also be designed to allow 
heat dissipation from the circuit. 
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3. Module Design 
 
The background research revealed the non-linearity 
of the most silicon based gas sensors. An array was 
then the appropriate solution for distinguishing the 
gas from non-linear sensors. The approach taken has 
been to use the raw readings from the sensors as 
direct inputs to the first layer of a 3 layer Artificial 
Neural Network. 
 
The types of sensors chosen are Figaro sensors of 4 
different types to give a cross section of the types of 
gas of interest [3]. 
 
Deakin University’s ISR Lab facilities were used to 
rapidly prototype the circuit board and assembly. 
Developmental and integration testing was also 
carried out using Deakin University’s ISR Lab 
facilities. 
 
The Gas Sensor Module design involves the use of a 
lightweight plastic case with holes in the lid to allow 
the sensors to fit with the top of the sensor exposed 
to allow the gas to flow easily over them. The main 
small surface mount PCB is designed for lower 
power consumption and this is achieved by the 
microcontroller switching the analog circuits off 
during low power sleep mode.  
 
The sensor sub board is connected to the main board 
with a simple quick connect 10 pin header on each 
side of the board. This has also give the board 
assembly structural strength. This design allows for 
the rapid change of sensor sub-board types. The 
array of sensors is mounted directly to this PCB as 
shown in the Figure below. 
 
 
 
 
Figure 1: Gas Sensor Module 
 
 
The sensors chosen for this application are tin oxide 
sensors ( 2SnO ) [4]. The sensors have two pins for 
the heater circuit and two or four pins for the sense 
resistor. This sense resistor can be set in a 
Wheatstone bridge arrangement to allow for 
sensitive measurements. 
The Figaro sensors are a high quality and low cost 
sensor and were the preferred option in the choice of 
sensor acquired for this project. 
 
The Firmware was written in PIC microcontroller C 
code using the MPLab integrated development 
environment. The MPLab IDE enables the researcher 
to view the registers and EEPROM values as the 
microcontroller is running. The In Circuit Debugger 
(ICD) plugs into the PC USB port and connects 
directly to the circuit. 
 
 
Figure 2: Firmware Structure 
 
 
Calibration is an important process [5] that is 
essential for the operation of the module. The gas 
sensor board is calibrated by using the windows 
program written specifically for this project. The 
calibrate functionality sends a number of serial 
message to the module ½ a second apart. This allows 
the module time to sample and average 4 readings 
and return a serial response to each message. These 
readings are then used to feed the Artificial Neural 
Network (ANN).  
 
A Back Propagation (BP) algorithm is used to 
determine the weightings for the ANN. The BP 
algorithm is explained in more detail in the next 
section. 
 
When the BPN algorithm has completed, the 
weightings arrays have be populated. The next stage 
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in the calibration process is to save the weightings to 
the Gas Sensor Module. This is accomplished by 
sending the data to the onboard EEPROM of the 
microcontroller.  
 
Each number in the array of double precision 
numbers in the weightings array is converted to 4 
character ASCII representation of the double 
precision number. This is somewhat of a precision 
reduction from the double precision number but 
offers enough resolution for the ANN algorithm in 
the microcontroller code.  
 
4. Algorithm 
 
Artificial Neural Networks (ANN) are based on a 
model of the human brain with the ability to learn 
from patterns of data. As with humans the ANN 
learns from being exposed to situations or data [6]. 
The BPN ANN algorithm has done this by going 
through the back propagation process. 
 
As Pedro [7] suggests, The Neural Network is a 
useful tool for non-linear multi-variable systems. The 
recognition of gases using non linear sensors needs 
some form of linearization. 
 
Once the ANN is trained, It is capable of pattern 
recognition of data that it not yet seen. The ANN 
once being trained with a chosen data set is then able 
to be used the learned function or behavior of the 
data to recognise the outcome of a pattern. 
 
There were two approaches considered here for the 
Neural Network design. 
 
1. A 3 layer network with the 5 sensors as the 
input layer and 7 internal nodes on the 
second layer with a three output nodes in 
the output layer. The Neural Network would 
use a backpropogation algorithm for 
determining the minimal error using a target 
gas. 
 
2. The second approach is to have the same 
input layer but to have multiple (up to 9) 
internal nodes in the second layer and to 
have 3 different nodes for each target gas in 
the output layer. (eg. CO, CO2, HC each 
with 3 different concentrations). This would 
require a multiple target calibration gas for 
the training. 
 
For this research the option undertaken was to give 
the most beneficial results with the low cost and 
easiest method to prove with a single calibration gas 
of CO and using 3 output neurons representing 3 
different levels of CO concentration. 
 The three ranges of concentrations selected are 
• <100 ppm 
• ~100 ppm 
• >100 ppm 
 
 
Figure 3: Artificial Neural Network Architecture 
 
There are 5 neurons in the input layer that use the 
raw input readings from the sensors on the module. 
The sensor voltages are read from the analog to 
digital converter (ADC) on the microcontroller.  
 
The Hidden layer has 7 neurons that hold a 
temporary value that is calculated during the 
feedforward part of the algorithm. Each hidden value 
is calculated by applying a different weighting to 
each of the input neuron values and summing the 
calculations [8]. The following formula is used. 
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Figure 4: Sigmoid Activation function 
 
The output layer for the model I have developed here 
has 3 output neurons. The values of the neurons are 
determined in a similar fashion to the hidden layer.  
The output layer uses the function below 
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The backpropogation or training of the network 
refers to the adjustments of the weighting values to 
progressively reduce the error between the actual 
output values of the network and the desired output 
values and the weightings are initially set to random 
values. 
 
The network is then presented with a dataset that has 
been chosen for the algorithm along with known 
output values. The network is run and the calculated 
output values are compared with the known ones. 
 
The weighting values are then adjusted by an amount 
known as the learning rate factor and then the 
algorithm is then looped until the stopping criteria 
are met. This may be a number of epochs or 
iterations of the algorithm or a predetermined limit to 
the error. 
 
Set the known output and propagate towards the low 
error or essentially until the desired output 
approaches the actual output within a specified error 
range. 
 
5. Testing & Results 
 
During initial testing of the gas module, simulation 
was used to test the circuit before gas was applied. 
This was mainly due to the low availability of 
calibration gas for testing. There were 4 sensor 
boards built each for a different concentration of the 
target gas (CO). Each of the resistor values 
substituted for a gas sensor were calculated based on 
the resistor for each sensor type. The reading for a 
sensor value in normal air was used as the basis for 
this calculation; the relevant sensor specification 
sheet was used to calculate the required offset for the 
resistance in the specific gas concentration. 
 
Table 1: Raw Sample Data 
Gas
4 Gas3 Gas2 Gas1 Temp Comment 
62 454 107 181 113 <10ppm 
61 455 107 180 113 <10ppm 
61 454 106 181 113 <10ppm 
89 20 42 180 113 30ppm 
89 20 43 181 113 30ppm 
89 20 42 181 113 30ppm 
129 10 131 181 113 100ppm 
129 10 131 181 113 100ppm 
129 10 131 181 113 100ppm 
454 3 12 181 112 >100ppm 
454 2 12 182 112 >100ppm 
455 2 13 181 111 >100ppm 
 
The table above shows the actual raw ADC readings 
captured from the module along with the comment. 
 
 
Figure 5: Simulation Graph 
 
The graph shown here is the representation of the 
raw ADC data for the simulated data. These 
simulation tests were used to test and prove the 
artificial neural network before introducing the 
calibration gas. 
 
As part of the verification process, testing on a 
vehicle would determine the responsiveness of the 
sensor module to gases that affect the chosen sensor 
array. The procedure for testing the module was as 
follows: 
 
• Connect the module to the computer 
through the serial port 
• Connect the module to a suitable power 
source (9 – 12Vdc) 
• Place the module near the exhaust of a 
standard vehicle 
• Start the GSM Diagnostics Program 
• Interrogate the module to confirm 
communications 
• Enable logging by selecting the Log to File 
radio button 
• Select 100 Samples button 
• Samples are then taken from the module at 
1 second intervals 
• The samples are then stored to a comma 
delimited file 
• These samples were then loaded into 
Microsoft Excel for analysis 
 
The analysis of the data is done in Microsoft Excel™ 
by converting the raw analog readings into useable 
data. The 10 bit analog to digital converter in the PIC 
microcontroller has a resolution of 1024 bits, so this 
is one of the first conversions to get the actual 
voltage across the load resistor. 
6
1024
value cc
RL
ADC VV ×=  
 
The value in the denominator is for a 10 bit analog to 
digital converter and the Vcc measurement is used 
instead of the expected value of 5V. The Vcc voltage 
is also taken as a reference for the ADC inputs. 
 
This is the voltage across the load resistor and we 
need the resistance of the actual gas sensor to 
determine our concentration of gas, so the next 
conversion is the conversion to get the Rs/Ro value. 
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This is the resistance in gas compared to resistance in 
free air. The gas sensor specification sheets all detail 
the response of the sensor with Rs/Ro as a reference. 
This is where LR is the parallel resistance of the 
digital potentiometer and the 10 kΩ surface mount 
resistor 
 
The target gas for this test was carbon monoxide as a 
by-product of the internal combustion engine. The 
actual concentration was unknown but this would 
give a good response curve when the module was 
subjected to the change in gaseous environment. 
 
 
 
Figure 6: Result Graph of Vehicle Testing 
 
Shown here is the response curve that has been 
generated from the sampled data in the table above. 
This then has a direct correlation to the response 
curve from the Gas Sensor specification sheet. 
 
 
Figure 7: Total Sample Testing 
 
6. Conclusion 
 
The results from the prototyping stage through to the 
final testing shows that the Gas Sensor Module is a 
flexible design that can be changed for a gas type 
and calibrated for a specific gas type. 
 
The prototype testing showed that the 
microcontroller approach to sampling the data and 
then sending a serial packet of data to the robot was 
feasible. It also showed that the modular design was 
the best option for the PCB development. 
 
The Vehicle testing of the module showed the 
response to higher levels of the selected target gas. 
CO produced as a by-product of an internal 
combustion engine was a convenient test 
environment. This gave good response waveforms 
and expected CO levels for the exposure time. 
Further testing in this area could produce a relevant 
offshoot to the main target customer base. 
 
Based on the tests carried out during the 
development of this project, it can be seen that the 
product has successfully fulfilled the requirements. 
The Gas Sensor Module can be connected to a robot 
and communicate the gas type and concentration. 
The module is light, low cost and re-configurable. 
 
The module designed here was to satisfy a need for a 
flexible gas sensing module for a mobile robot. The 
module has proven to be a flexible design that can be 
adapted to any gas sensors that are mounted to a 
PCB and determine the gas concentration after being 
calibrated with the target gas. 
 
The project development covered a single calibration 
gas to show a concept and proof of design. This is by 
no means a limitation on the design but a limitation 
on the available resources at the time of testing. The 
hardware of the design is able to handle a change in 
sub-board to allow for gas sensor changes and the 
module can be re-calibrated and adjusted to handle 
this change. 
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